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A Study on Prevention of Student Drop out Rate

Using Deep Learning

Currently, there are many problems due to the decline in school-age
population. Moreover, Korea has the largest number of universities compared
to the population, and the university enrollment rate is also the highest in the
world. As a result, the minimum student retention rate required for the
survival of each university is becoming increasingly important.

The purpose of this study is to find out how the number of freshmen in
Jeju Island from 2011 to 2014, and 8,000 students who have already selected
the school, The basic direction for managing students’ retention rate, which
1s consistently maintained from admission to graduation, is based on the data
collected by gender, departure report, area of origin, grades, graduation, etc. I
want to know if it is. Based on the optimal input parameters, the association
analysis is performed using the apriori algorithm based on the optimal input
parameters, and the most suitable training data is collected for maintenance
rate management. Based on this, Deep Learning We will make the module as
a basic data for development. A total of 8891 students’ data were separated
into training data for building a deep learning module and testing data for
evaluating the model.

It is shown that the students who graduated from the specialization college
and graduated from college are more likely to abandon the school in the
middle of the year. These results indicate that the specialization high school
is more difficult in terms of academic achievement and academic continuity,
And seems to need attention.

Deep learning consisted of three hidden layers and initialized the weight by

using Xavier Initialization module with learning rate of 0.5, and maintained



accuracy of 80%. In order to show accuracy more than 90%, it is necessary
to acquire more various training data by region and university and to apply

the module layer more widely.

Key Words : School Age Population Decline, Student Retention Rate, Deep Learning
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TORE Xeh Yo AAEE AA AN Ae Tl FEHSE X9 YE B

T A A5 W& Tk

A A % (support) s(X—Y)
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(classification and regression trees) WH¥ <= AF&3}al, party 7] # = Unbiased

recursive partitioning based on permutation tests ‘W 22 Al-g 3t}

2.7 Tensorflow
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def xavier_init(n_inputs, n_outputs, uniform=True):

Args:

n_inputs: The number of input nodes into each output.

n_outputs: The number of output nodes for each input.

uniform: If true use a uniform distribution, otherwise use a normal.
Returns: An initializer.

if uniform:
# 6 was used 1n the paper.
init_range = math.sqrt(6.0/(n_inputs + n_outputs))

return

tf.random_uniform_initializer(-init_range, init_range)
else:

stddev = math.sqrt(3.0/(n_inputs + n_outputs))
return

tf.truncated_normal_initializer(stddev=stddev)
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Had 2006 | gt 9] A& FEEE 99l &4
Sl =o] SolZtr W E o]l %=
~ 244 2008 g Ee s I uolFe u
als gk ghalA 2 A
714 | AAF, 5 AgALgUIshs FA o= sk fshA g
2o |0 selg v wel g
Holg e FrgEr acld stk
<710]& 7|8k 74
V. 47 AA
1. dlolg 4
Training data % Testing Data®] 742 SAgduw | A¥ Al FAXAF F
A, AAGToR FESa, EHARE HASH] A diolHE FAdE A
<3 3> "oy A4
oA g A
=A%l (binary: "GP" - 9¥tal or "MS" - &< or
1 SChOOl “ ” “ ”
SEF” - AA or “ET” - 7|8}
2  sex student's sex (binary: "F" - 2} or "M" - EA})
3 age student's age (numeric: 15 ~ 22)
4 address ZA129 (binary: "U" - ZA] or "C" - Al&)
: %3 AIZF (numeric: 1 - <15 &, 2 - 15 to 30 &.,
5 traveltime
3 -30to 1 AIZF or 4 - >1 AlZFold)
6 Gl first period grade (numeric: from O to 20)
7 G2 second period grade (numeric: from O to 20)
g8 G3 final grade (numeric: from O to 20, output target)
5 . =Y o4 (binary: “G” - &4 or “H” - &3} or “D”
gra “ ” “ b2l -
- THAA) or “C” - 8 or “P’ - A
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<X 6> WHFF dolH e o]itE st

N4 dataset SH AE5EH W79 o4k sh(discretization)
## categorical data —> binarization —> association rule analysis
student[["school"]]<-  ¢("GP","MS","SF","ET")
student[["sex"]]<- c("Male","Female")
student[["address"]]<- c¢("Unban","Country")
student[["g1"]11<- c("low","high")

student[["grad"]]1<- c("graduate","drop")

student_mart <- as.data.frame(student)
sapply(student_mart,class)

str(student_mart)

# dataset for assocition rule : (2) transaction data format,
(Aol E P4 o= ol WHEer])

student_mart_tr <- as(student_mart,"transactions")

3. dlolE 4

B AGFE= o]2A wjAL 7uto g Aoz HolEHoA EIsteE HFEES
o] AxA| gAY oo JgFS w A =X gt APAHS B H
So] AAl olggol JFgFS nFYHA olFE vy ow FY B dHolHE 73

el Al st Aiele] ikt EAle] s1UHe AgHew wA & e

SHAEe ZAlgnE dutussiun E4Y A GP, AYS BHow =
EAsty 58 MS, 28lal HAAIA, dEEA, o1 24 5 BT & %A
st AdEe dAd A9 M, JAY A F= 4% ey F42e #o
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25 %3 dolEE Deep Learning RES 57| 913 dolH=z &
£ 37 Yste] F 839149 A HiolHE REdS wE7] 93 Training Data,

WEojx rdlS HrEtr|o] "3 Testing HlolEZ E83 Tl Training

r
M

-

d

Data® RdS FHA7]3 wHE0]7 Deep Learning Zdo] A2 Eoj0 = dd
of s 23 FAE AA sFarat gk

AFRA G nigro R g dlolEE <1¥ 4>0| A9 o] ztzhe] EF dlolHE
nlold el Fx= WEd & 400072 Training Data 2set, 800712] Testing

Data & T&3lo] A3}

.,
"
1 1 1 0 1 B M

e

) 1 0 1 1 0 l . I
= 1 0 1 1 1
o
e 0 0 1 o 1

gj 1 0 1 1 1

o 1 0 1 0 0 Deep

. : - : ; . Learning

- 1 1 1 o 1

=Y 1 0 1 1 0

o

A 1 0 1 1 1

g 0 0 1 0 1 Testing 3

& 1 0 1 1 1

. 5 : 5 et AR B

Training % Testing 232 SAE9 FZolgoi ko] AL&= Deep
Learning ModuleS /43t &5 A A HolHE WEAx HEo A&
sto] Al Aol &8 ¢ Q&Xo Uit AFE sharzk gk, Machine
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?] 2l TensorFlows AF&3t$99 T Deep Learining 252 742 <19 5>l A
9} 7ol 1709 Input Layer, 371¢] Hidden Layer, 1709 Output Layer® 4
ERsa=

<18 5> Neural network(NN)

[ Weight : Initializer(xavier Init) ]
| Learning Rate : 0.5 ]

Eutpet Laver

: i 5

WO
:ﬂ;s it Layer \1"‘"@‘} \Wj
input Lz ... wy

Hidden Laver? Hiddden Laverz  Hiddenbayer3

Hidden Layerg 370HE.t}h ¢ @eo] G443t Overfitting A7} 2 A st A g
=7F 9 @A yepgu<ad 6>, Error loss(cost)E 93k Learning Rate:
o] Training 2%E Wgdste 7b¢ 2 AA&S ved 5 A 05 2 243}
At Z+zbe] Layero] &%= Input Data o ZFZFe] WeightE ool &=
o] Z} Layer'¥ Weight 27|13} %3 F 230 Weightol]l i3 2713 002 A
A3H Deep Learning &itg]5o] 38 &2stx] 7] wiEd & AFdA= A
w7k 7P destiaAE b 2 AdE UEdE Xavier 27|EES ARE
shlth Xavier 2718 A8 293t Atolo] dFE AEEA o E

o w Ure 278k wyelth

ptes

rr
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<Z1¥ 6> 5 Hidden layer 74 A A3 %=

[ True],
[ True],

| False],

[False],
[False]], dtype=bool), @.74825801]
Accuracy: @.74!

7z} Hidden Layerdl &% dWolHE ZAstes Fds max(0,x)AH S50

el 002 Aeleh A9l ReLu #48 Agatari<ad 7>,

<% 7> Sigmoid 2} ReLU W]l

=) i

Sigmond

ReLU %= 2ddl e ZAAH 0Rd 4S5 = 05 AREstaL, 0t 2 ghel o
A= dd we 2uE ARESts WRolth S5l WElA = grol ukH AN,
of M= TS v A R
ReLU(Rectified Linear Unit)& = Fdstd th3 3 2o

™

0 AAl #(x) FolA & ks dests WAoly =2 Fd8H max(0, x)o] @

o,
Sigmoid : L2 = tf.sigmoid(tf. matmul(X,W1)+bl)
ReLU( L2 = tfnnrelu(tf.matmul(X,W1)+bl)

AAE Deep Learning®] &5 %% HEW Training datas EEol4 &8 71&

=
3k Vector Data® W73 & z}zto] Hidden Layere] & zto = tfg)dic}. o] uj



2 EARE Aas B
3

o

Training Data® <5< 7 &3l Testing Data® St E9] EHAHE #H4
st A erE drty HeEA S-S HAY ASerr veERduzbA] Weight

9 Learning Rate @S =743t & sAvh<ad 8>,

BE ‘ Training Data Reading ‘ | H2 £7)3) ‘
Vector Data 444 | Run Graph =

: L
] a. - -~
k P Sk =8 \
; [ Weight : Initializer ] 81 )t () G
; C ; 4N B o L~ End ™
: q e i < of >
: [ Layer'd WeightZ! § 0 | T * “~Data.
] - g LI 1.1 || \ |}
; [ Layer Bias 2t 50 | & = = .
) ‘TR

s FagiiBark | Check Accuracy

3 | i | 1l ] ik |

5 % A% gy

N NN

w
| Learning Rate : 05 | [ Cost A&t ‘—

3.4 learning Rate

learning rate AAFS FUolE 2 W= W—a%vcost(W)Oﬂfﬂ adtS 9vsta
olNE z =z, tVf(z,) Z XA3H t7} learning rates <] vt}

learning rate® ZAstE WHS A3 U AR &l overfittingS # 43}

s Hs M 4FE e st

_24_



V. #4437

B AFdM = <& T>olAM e o]l &4l AFEE dHeolE = 8891 a=ol 12
A4 A7|E JHAEY W7l 04166674 0] E3sith & 8891 x 12 x
0.4166667 = 49,7899 & rto] Ao 2 FHATE 3FY FTHEL 26.83%3) = A
ATtfsl F e €538 Eof wteAl Hesjol & FHOR e HATH

4

<E 7> HolH O ARE HIE B AAE 10%S] &9 1078 item

transactions as itemMatrix in sparse format with
8391 rows (elements/itemsets/transactions) and
12 columns (items) and a density of 0.4166667
most frequent items:
address=U grad=P school=GP gl=low sex=F  (Other)
8255 6501 5988 4927 4622 14162

item frequency plot above support 10%

S UK
287
bg.q.@c;‘%"’éaé\

item frequency (absolute)
4000 6000 8000
| | |

|

2000

0

3) 23909 / 99819 = 100 = 26.88%

_25_



0.01, minimum confidence
= 577709 rule =olA] ruleo] 371¢ ofo]elo &2 o
ek 20670, 4719 ek

18 ES AFE8lA minimum support =
A

[ RN
2R

ofo]gl o & o]Folx 9l rule]
A A & (support)= 0.13, 21 % (confidence)= 0.62,
16524 ZAX| Do AF3EA

B 7F H4 A A

& = (Lift)+=
gl o]

Gl

Z= 0]

olyg = les!

=

=9 Hx AHEES

di dgew T4
e Ao

o= = o

WA o g2 o]yt girgo] oo JTFS HA = ASZ YEYT<E 8>
<} 8> #AZ¥ summary
rulelengthdistribution (lhs + rhs):sizes
1 2 3 4 5
O 74 206 214 74
Min. 1st Qu. Median Mean 3rd Qu. Max.
1.000 3.000 3.000 3.468 4.000 5.000
support confidence lift
Min.  :0.01001 Min.  :0.2000 Min. : 0.4623
1st Qu.:0.03284 1st Qu.:0.4295 1st Qu.: 0.9438
Median :0.09538 Median :0.6357 Median : 1.0685
Mean :0.13228 Mean  :0.6237 Mean : 1.6519
3rd Qu.:0.18018 3rd Qu.:0.8218 Brd Qu.: 1.2255
Max. :0.92847 Max. :0.9981 Max. :13.1853
Right-hand side7} T% 5Yd A5 AAE7} 22 T2 29 20709 A

T3 rule & <3 9>¢F Zrh

S At 54 oA sy Aol w2 gAS9 og&o]
2o o7 Yeya vl Right-hand side’} 299 29 AR =7 =& A
2070 €] A¥FE Ruled <3 10>3 Zth <iF 9>9= Ridi® 317] gHo] w2
St EC] 2 AAE FE AAEL = AR & w gr]dH o] v
St Sl st 5ol AatstrlE wAIA @ s FHskes #Eol =
< Ao Yyt
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<& 9> rhs THEHY A5 A9 20 At

> 1inspect(sort(student_mart tr_rule reorder, by = "Iift )[1:20])
lhs rhs support confidence 1lift
[1] {school=MS,sex=M,qgl=low} => {grad=H} 0.03329209 0.5441176 2.024163
(2] {school=MS,sex=M,address=U,gl=low} => {grad=H} 0.03284220 0.5417440 2.015333
(3] {sex=M,address=U,gl=low} => {grad=H} 0.15251378 0.5323910 1.980539
[4] ({school=GP,sex=M,address=U,gl=low} => {grad=H} 0.11697222 0.5289929 1.967898
[5] {school=GP,sex=M,gl=low} => {grad=H} 0.11719717 0.5289340 1.967679
[6] {sex=M,gl=low} => {grad=H} 0.16016196 0.5087531 1.892604
(7] {school=MS,gl=low} => {grad=H} 0.05106287 0.4295175 1.597841
(8] ({school=MS,address=U,gl=low} => {grad=H} 0.05038B803 0.4278892 1.591784
(9] {address=U,gl=low} => {grad=H} 0.20852548 0.4161616 1.548156
[10] {school=CGP,sex=M,address=U} => {grad=H} 0.14216624 0.4160632 1.547790
[11] {school=GP,sex=M} => {grad=H} 0.14261613 0.4157377 1.546579
[12] {sex=M,address=U} => {grad=H} 0.18366888 0.4134177 1.537949
[13] {school=GP,gl=low} => {grad=H} 0.15442582 0.4100956 1.525590
[14] {school=GP,address=U,gl=low} => {grad=H} 0.15397593 0.4100030 1.525245
[15] {school=MS,sex=M} => {grad=H} 0.03902823 0.4096812 1.524048
[16] {school=MS,sex=M,address=U} => {grad=H} 0.03846586 0.4076281 1.516411
(17] {sex=M} => {grad=H} 0.19322911 0.4024362 1.497096
(18] {gl=low} => {grad=H} 0.22157238 0.3998376 1.487429
[19] {school=MS,sex=F,gl=low} => {grad=H} 0.01777078 0.3079922 1.145757
[20] {school=MS,sex=F,address=U,gl=low} => {grad=H} 0.01754583 0.3070B66 1.142388
AAE B FAme w@E doly d 2 FAsy ek IS
(Interest-Support) %5 Al4bet 243 [SSE7F W2 Z37F 048 =24 vl
A AXEst FAEe] hE dold FE 1 £F =S FA%L 9
<3 10> rhs QY 45 A9 20 A3
> inspect(sort(student_mart tr rule reorder, by = "lift")[1:20])
lhs rhs support confidence lift
1) {school=MS,sex=F,gl=high} => {grad=P} 0.08502981 0.9509434 1.300544
2] ({school=GP,sex=F,address=U,gl=high} => {grad=P} 0.16544821 0.9508727 1.300447
3] ({school=MS,sex=F,address=U,gl=high} => {grad=P} 0.08469239 0.9507576 1.300290
4] {school=GP,sex=F,gl=high} => {grad=P} 0.16679789 0.9506410 1.300131
5] {sex=F,address=U,gl=high} => {grad=P} 0.25598920 0.9495202 1.298598
[6] {sex=F,gl=high} => {grad=P} 0.26633675 0.9494787 1.298541
[7] {sex=F,address=C,gl=high} => {grad=P} 0.01034754 0.9484536 1.297139
[B]) {school=ET,sex=F,gl=high} => {grad=P} 0.01270948 0.9186992 1.256446
[9] ({school=MS,address=U,gl=high} => {grad=P} 0.11281071 0.9184982 1.256171
[10] {school=MS,gl=high} => {grad=P} 0.11337307 0.9180328 1.255534
[11] {address=U,gl=high} => {grad=P} 0.38263412 0.8952632 1.224394
[12] {gl=high} => {grad=P} 0.39860533 0.8940464 1.222730
[13] {school=GP,address=U,gl=high} => {grad=P} 0.26082555 0.8854525 1.210976
[14] {school=GP,gl=high} => {grad=P} 0.26285007 0.8852273 1.210668
[15] {school=ET,address=C,gl=high} => {grad=P} 0.01338432 0.8686131 1.187946
[16] {school=ET,gl=high} => {grad=P} 0.01968283 0.8663366 1.184833
[17] {address=C,gl=high} => {grad=P} 0.01597121 0.8658537 1.184172
[18] {school=CP,sex=F,6address=U} => {grad=P} 0.28287032 0.8613014 1.177947
[19] {school=CP,sex=F} => {grad=P} 0.28455742 0.8611300 1.177712
[20] {sex=F,address=U} => {grad=P} 0.41457654 0.8562137 1.170988
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rhs7b 99 B9 % @2 Aenn g2 doly F& AAsta e
R ISSE 3 dfhioR £ A3E RBo|Fi Ju<i 11>

/el el mE £olFE FAF A AteriE vkl o] H&el
79%, Aol 447% A ool HAHT AdH R VS viAE gEe] 4

= X

ol

3

Hir

<HE 11> Z4/58949 4% ISUnterest-support

> student_rule? df2[order(-student rule? df$IS), ]{1:10, )

rules  support confidence lift 18
23 {school=ET} => {grad=P} 0.06141042 0.7625698 1.042918 0.2530731
154 {school=MS,gl=high} => {qgrad=P} 0.11337307 0.9180328 1.255534 0.3772848
114  ({sex=F,address=C} => {qrad=P} 0.02969295 0.8328076 1.138977 0.1839011
263 {sex=F,gl=low} => {grad=P} 0.17793274 0.7434211 1.016729 0.4253345
17 {address=C} => {qrad=P} 0.05601170 0.7830189 1.070885 0.2449124
124 {school=ET,gl=high} => {qrad=P} 0.01968283 0.8663366 1.184833 0.1527117
B {} => {qrad=P) 0.73118884 0.7311888 1.000000 0.8550958
52 {gl=high} => {grad=P} 0.39860533 0.8940464 1.222730 0.6981308
132 {school=ET,sex=F} => {qgrad=P} 0.03250478 0.8117978 1.110244 0.1899690
276  {sex=F,address=U} => {qrad=P) 0.41457654 0.8562137 1.170988 0.6967527

A#FTA o] AT HolHE JAIAAER RES o]&3le EPARE oA
2 JAAAETE T8, Testing Data® oAMARFER RS F7hek A3
A AAHER BHe] oF FAEE 5% FAF AT 12>
Deep Learning 2 o= A& = 80% K.t}
A AuAola AAG7ES et
dExdolut, FAAR HolelZt mgl FHlEol slojok sk Ik, AA
ol & vtz tidste] olga&s o584 Xath= FollA Deep Learning &
g Hohe Aokl B o= yEy

El

rlr
AN
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<3 12> oJAMAAH E T

Confusion Matrix and Statistics
Reference
Prediction H P
H 408 358
P 311 1590
Accuracy : 0.7492
95% CI : (0.7322, 0.7655)
No Information Rate : 0.7304

P-Value [Acc > NIR] : 0.01490
Kappa : 0.3759

Mcnemar's Test P-Value : 0.07533
Sensitivity : 0.5675
Specificity : 0.8162

Pos Pred Value : 0.5326
Neg Pred Value : 0.8364
Prevalence : 0.2696
Detection Rate : 0.1530
Detection Prevalence : 0.2872
Balanced Accuracy : 0.6918
}Z} Training Data®} Testing Data = #2]3}

=

o] ¢y dolHE
o] Training 3} %3t}
xavier, LossE Z#A
Training

ol

A

o] Deep Learning 52 &8

TensorFlow LibraryE 283301, Weight %7]3%}+=
Module&

5l Learning Rate® 05% 3l 7% Deep Learning
3 & HME ] Testing HoJH & Testing ¢ A3 <1H9> A} o] HE w7}

=
80% HAEZZA vl F5d ZA3E e AT
L3k LossE YER = Cost GA] #Aasts Ao2 YEwTh

<19 9> Deep Learning @ 3%= % Cost W3}

cost

e
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Deep Learning 5%, Tensorflow? E7 <l TensorBoard

Graph

Uehfar doh<ad 10>, Z+zte] Hidden Layer 2 Weight & 4

=
=
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